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Abstract
Virtual labs allow researchers to design high-throughput and
macro-level experiments that are not feasible in traditional
in-person physical lab settings. Despite the increasing popu-
larity of online research, researchers still face many techni-
cal and logistical barriers when designing and deploying vir-
tual lab experiments. While several platforms exist to facili-
tate the development of virtual lab experiments, they typically
present researchers with a stark trade-off between usability
and functionality. We introduce Empirica: a modular virtual
lab that offers a solution to the usability-functionality trade-
off by employing a “flexible defaults” design strategy. This
strategy enables us to maintain complete “build anything”
flexibility while offering a development platform that is ac-
cessible to novice programmers. Empirica’s architecture is
designed to allow for parameterizable experimental designs,
re-usable protocols, and rapid development. These features
will increase the accessibility of virtual lab experiments, re-
move barriers to innovation in experiment design, and en-
able rapid progress in the understanding of distributed human
computation.
Laboratory experiments are the gold standard for the study
of human computation because they allow careful examina-
tion of the complex processes driving information process-
ing, decision-making, and collaboration. In recent years, re-
searchers have begun to employ “virtual lab” experiments, in
which the traditional model of an experiment conducted in a
physical lab is translated into an online environment (Hor-
ton, Rand, and Zeckhauser 2011; Mason and Suri 2012;
Paolacci, Chandler, and Ipeirotis 2010; Radford et al. 2016).
Virtual labs are appealing on the grounds that, in princi-
ple, they relax some important constraints on traditional lab
experiments that arise from the necessity of physically co-
locating human participants in the same room as the experi-
menter. Most obviously, virtual environments can accommo-
date much larger groups of participants than can fit in a sin-
gle physical lab. However, as illustrated in Figure 1, virtual
lab experiments can also run for much longer intervals of
time (e.g., days to months rather than hours) than would be
possible in a physical lab, and can also exhibit more complex
and more realistic designs (e.g., complex network topolo-
gies, rich interactivity, multi-factor treatments). Finally vir-
tual experiments can be run faster and more cheaply than
∗Authors listed alphabetically.
physical lab experiments, allowing researchers to explore
more of the design space for experiments, with correspond-
ing improvements in the replicability and robustness of find-
ings.
Unfortunately, the potential of virtual lab experiments has
thus far been limited by the often substantial up-front in-
vestment in programming and administrative effort required
to launch them, effort that is often not transferable from one
experiment to the next. An important step towards lowering
the barrier to entry for researchers has therefore been the
development of general-purpose virtual lab platforms (e.g.,
Qualtrics, jsPsych, nodeGame, oTree). These platforms per-
form many of the functions of a virtual lab (e.g., data
management, assignment to conditions, message-handling)
without the logic specific to a given experiment. In doing
so, however, these platforms also present researchers with a
trade-off between usability and flexibility. While some plat-
forms provide graphical user interfaces (GUI) that are ac-
cessible to researchers with little or no programming expe-
rience, they achieve their usability by limiting the experi-
ment designer to predetermined research paradigms or tem-
plates. In contrast, other platforms provide unlimited “build
anything” functionality but require advanced programming
skills to implement. As a result of this trade-off, many sci-
entifically interesting virtual laboratory experiments that are
theoretically possible remain prohibitively difficult to imple-
ment in practice.
A platform that maintains both usability and functional-
ity will support methodological advancement in at least two
high-priority areas. First, a highly usable platform is neces-
sary for designing and administering high-throughput exper-
iments in which researchers can run, in effect, thousands of
experiments that systematically cover the parameter space
of a given experimental design. A legacy of the traditional
lab model is that researchers typically identify one or a few
theoretical factors of interest, and focus their experiment
on the influence of those factors on some outcome behav-
ior. However, the relative contributions of those factors and
the ways in which they interact must then remain an open
question. A high-throughput experiment design would col-
lect all of these factors together and then run an experiment
in which they (and their interactions) are systematically var-
ied and examined. In order to make such experiments fea-
sible, researchers need a platform that enables “experiment-
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Figure 1: Schematic of the design space of lab experiments.
Whereas many real-world social processes and phenomenon
involve large numbers of people interacting in complex ways
over long time intervals (days to years), physical lab exper-
iments are generally constrained to studying individuals or
small groups interacting in relatively simple ways over short
time intervals (e.g., less than one hour). The potential of vir-
tual lab experiments is that, in relaxing some of the con-
straints associated with in-person experiments, they can ex-
pand the accessible design space for social, behavioral, and
economic experiments.
as-code,” in which experiment design, experiment admin-
istration, and experiment implementation are separated and
treated as code (each can be formally recorded and repli-
cated). This process allows for parameterizable designs, re-
usable protocols, reduced cost, and rapid development.
A second high priority in social science is the implemen-
tation of macro-level experiments in which the unit of anal-
ysis is a collective entity such as a group (Becker, Brackbill,
and Centola 2017; Whiting et al. 2020), market (Salganik,
Dodds, and Watts 2006), or an organization (Valentine et
al. 2017) comprising dozens or even hundreds of interact-
ing individuals. As we move up the unit of analysis from
individuals to groups, new questions emerge that are not an-
swerable even with a definitive understanding of individual
behavior (Schelling 2006). Macro-level experiments typi-
cally require the design of complex tasks and user interfaces,
the ability to facilitate synchronous real-time interaction be-
tween participants, and the coordination, the recruitment,
and the engagement of a large number of participants for the
duration of the experiment. Implementing large-scale macro
experiments remains challenging in the absence of a vir-
tual laboratory designed with multi-participant recruitment,
assignment, and interaction as a core principle. Further-
more, running experiments that are both high-throughput
and macro-scale requires a platform that simultaneously of-
fers high usability while also maintaining a “build anything”
functionality.
To promote these methodological goals, Empirica offers
a re-usable, modular platform that facilitates rapid develop-
ment through a “flexible default” design. This design pro-
vides a platform that is accessible to individuals with basic
javascript skills but allows advanced users to easily override
defaults for increased functionality. Empirica employs de-
sign features intended to aid and promote high-throughput
and macro-scale experimentation methodologies. For ex-
ample, the platform explicitly separates experiment design
and administration from implementation, promoting the de-
velopment of reliable, replicable, and extendable research
by enabling “experimentation-as-code.” This modular struc-
ture encourages strategies such as multi-factor (Almaatouq
et al. 2020), adaptive (Letham et al. 2019; Balietti, Klein,
and Riedl 2018; Paolacci, Chandler, and Ipeirotis 2010),
and multi-phase experimentation designs (Mao et al. 2017;
Almaatouq, Yin, and Watts 2020), which dramatically ex-
pand the range of experimental conditions that can be stud-
ied. Additionally, the platform provides built-in data syn-
chronization, concurrency control, and reactivity to natively
support multi-participant experiments and support the in-
vestigation of macro-scale research questions. Empirica re-
quires greater technical skill than GUI platforms, a design
choice that responds to the emerging quorum of computa-
tional social scientists with moderate programming skills.
Thus Empirica is designed to be “usable” for the majority
of researchers while maintaining uncompromised function-
ality, i.e., the ability to build anything that can be displayed
in a web browser.
After reviewing prior solutions, this paper provides a tech-
nical and design overview of Empirica. We then discuss sev-
eral case studies in which Empirica was successfully em-
ployed to address ongoing research problems, and discuss
the methodological advantages of Empirica. We conclude
with a discussion of limitations and intended directions for
future development. Throughout this paper, we will refer
to “games” (experimental trials) as the manner in which
“players” (human participants or artificial bots) interact and
provide their data to researchers. This usage is inspired by
the definition of human computation as “games with a pur-
pose” (von Ahn and Dabbish 2008), although many of the
tasks would not be recognized as games as such.
Related Work
Virtual Lab Participants
It has long been recognized that the internet presents re-
searchers with new opportunities to recruit remote partici-
pants for behavioral, social, and economic experiments. For
instance, remote participation allows researchers to recruit
more diverse samples of participants than are available on
college campuses or local communities. It also facilitates
longitudinal and other multi-phase studies by eliminating
the need for participants to repeatedly travel to the labora-
tory. The flexibility around time and space that is afforded
by remote participation has enabled researchers to design
experiments that would be difficult or even impossible to
run in a physical lab.
Arguably the most common current strategy for recruiting
online participants involves crowdsourcing services (Hor-
ton, Rand, and Zeckhauser 2011; Mason and Suri 2012).
The main impact of these services has been to dramatically
reduce the cost and difficulty of recruiting participants, re-
sulting in an extraordinary number of publications in the
past decade. Unfortunately a limitation of the most popu-
lar platforms such as Amazon Mechanical Turk is that they
were designed for simple labeling tasks that can typically be
completed independently and with little effort by individual
“workers” who vary widely in quality and persistence on the
service (Goodman, Cryder, and Cheema 2013). Moreover,
Amazon’s terms of use prevent researchers from knowing
whether their participants have participated in similar ex-
periments in the past, raising concerns that many Amazon
“turkers” are becoming “professional” experiment partici-
pants (Chandler, Mueller, and Paolacci 2014). In response
to concerns such as these, services such as Prolific1 (Palan
and Schitter 2018) have adapted the crowd work model to
accommodate the special needs of behavioral research. For
example, Prolific offers researchers more control over par-
ticipant sampling and quality as well as recruiting partici-
pants who are intrinsically motivated to contribute to scien-
tific studies.
In addition to crowdsourcing services, online experiments
have attracted even larger and more diverse populations
of participants who participate voluntarily out of intrinsic
interest to assist in scientific research. For example, one
experiment collected almost forty million moral decisions
from over a million unique participants in over 200 coun-
tries (Awad et al. 2018). Unfortunately, while the appeal of
“massive samples for free” is obvious, all such experiments
necessarily rely on some combination of gamification, per-
sonalized feed-back, and other strategies to make participa-
tion intrinsically rewarding (Hartshorne et al. 2019). As a
consequence, the model has proven hard to generalize to ar-
bitrary research questions of interest.
Existing Virtual Lab Solutions
While early online experiments often required extensive up-
front customized software development, a number of virtual
lab software packages and frameworks have now been de-
veloped that reduce the overhead associated with building
and running experiments. As a result, it is now easier to
implement designs in which dozens of individuals interact
synchronously in groups (Arechar, Ga¨chter, and Molleman
2018; Almaatouq, Yin, and Watts 2020; Whiting et al. 2019)
or via networks (Becker, Brackbill, and Centola 2017),
potentially comprising a mixture of human and algorith-
mic agents (Ishowo-Oloko et al. 2019; Traeger et al. 2020;
Shirado and Christakis 2017).
Virtual lab solutions can be roughly grouped by their em-
phasis on usability or functionality. Here we describe free
or open-source tools that allow synchronous, real-time in-
teraction between participants, leaving aside tools such as
1https://www.prolific.co/
jsPsych (de Leeuw 2015) and Pushkin (Hartshorne et al.
2019) that do not explicitly support multi-participant in-
teractions as well as commercial platforms such as Lab-
Vanced (Finger et al. 2017).
Platforms such as WEXTOR (Reips and Neuhaus 2002),
Breadboard (McKnight and Christakis 2016), and LI-
ONESS (Giamattei et al. 2019) provide excellent options for
individuals with little-to-no coding experience. These plat-
forms allow researchers to design their experiments either
directly with a graphical user interface (GUI) or via a sim-
ple, proprietary scripting language. However, while these
structures enable researchers to quickly develop experiments
within predetermined paradigms, they constrain the range
of possible interface designs. These platforms do not allow
the researcher to design “anything that can run in a web
browser.”
On the other hand, many excellent tools includ-
ing oTree (Chen, Schonger, and Wickens 2016),
nodeGame (Balietti 2017), Dallinger2, and TurkServer (Mao
et al. 2012) offer high flexibility in experiment design.
However, this flexibility comes at the expense of decreased
usability, as these tools require significant time and skill to
employ. They are flexible precisely because they are very
general, which means additional labor is required to achieve
any complete design.
Empirica
The Empirica platform3 is a free, open-source, general-
purpose virtual lab platform for developing and conduct-
ing synchronous and interactive human-participant experi-
ments. The platform implements an Application Program-
ming Interface (API) that allows an experiment designer to
devote their effort to implementing participant-facing views
and experiment-specific logic. In the background, Empir-
ica handles the necessary but generic tasks of coordinating
browser/server interactions, batching participants, launching
games, and storing/retrieving data.
Experiments are deployed from a GUI web interface that
allows the researcher to watch the experiment progress in
real-time. With no installation required on the participants
part, experiments can run on any web browser including
desktop computers, laptops, smartphones, and tablets.
Empirica is designed using a “flexible default” strategy:
the platform provides a default structure and settings that
enable novice javascript users to design an experiment by
modifying pre-populated templates; at the same time, un-
limited customization is possible for advanced users. The
goal of this design is to develop a platform that is accessi-
ble to researchers with modest programming experience —
the target user is the typical computational social science re-
searcher — while maintaining a “build anything” level of
flexibility.
Empirica has an active and growing community of
contributors, including professional developers, method-
focused researchers, question-driven social scientists, and
outcome-oriented professionals.
2http://docs.dallinger.io
3https://empirica.ly
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Figure 2: Empirica provides a scaffolding for researchers to
design and administer experiments via three components:
(1) Server-side callbacks use Javascript to define the running
of a game through the client-side and server-side API; (2)
the client-side interface uses Javascript to define the player
experience; and (3) the GUI admin interface enables config-
uration and monitoring of experiments. These components
are all run and connected by the Empirica core engine.
System Design
Empirica’s architecture was designed from the start to en-
able real-time multi-participant interactions, although sin-
gle player experiments are easy to create as well. The API
is purposefully concise, using a combination of data syn-
chronization primitives and callbacks (i.e., event hooks) trig-
gered in different parts of the experiment. The core func-
tionality is abstracted by the platform: data synchronization,
concurrency control, reactivity, network communication, ex-
periment sequencing, persistent storage, timer management,
and other low-level functions are provided automatically by
Empirica. As a result, researchers can focus on designing
the logic of their participants’ experience (see Figure 2 for
an overview).
To initiate development, Empirica provides an experiment
scaffold generator that initializes an empty (but playable) ex-
periment and a simple project organization that encourages
modular thinking. To design an experiment, researchers sep-
arately configure the client (front end), which defines ev-
erything that participants experience in their web browser,
thus defining the experimental treatment or stimulus; and the
server (back end), which consists of callbacks defining the
logic of an experimental trial. The front end consists of a
sequence of five modules: consent, intro (e.g., instructions,
quiz), lobby, game, and outro (e.g., survey). The lobby is
automatically generated and managed by Empirica accord-
ing to parameters set in the GUI. The researcher need only
modify the intro, outro, and game design via javascript. The
back end consists of callbacks defining game initialization,
start/end behavior for rounds and stages, and event handlers
for changes in data states.
Empirica structures the game (experimental trial) as play-
ers (humans or artificial participants) interacting in an envi-
ronment defined by one or more rounds (to allow for “re-
peated” play); each round consists of one or more stages
(discrete time steps); and each stage allows players to in-
teract continuously in real time. Empirica provides a timer
function which can automatically advance the game from
stage to stage, or researchers can define logic that advances
games based on participant behavior or other conditions.
As Empirica requires some level of programming expe-
rience for experiment development, the platform accom-
modates the possibility that different individuals may be
responsible for designing, programming, and administer-
ing experiments. To support this division of labor, Empir-
ica provides a high-level interface for the selection of ex-
perimental conditions and the administration of live trials.
From this interface, experiment administrators can assign
players to trials, manage participants, and monitor the sta-
tus of games. Experiment designers can configure games to
have different factors and treatments, and export or import
machine-readable YAML files that fully specify entire exper-
iment protocols (i.e., the data generation process) and sup-
port replication via experiment-as-code. Experiment con-
figuration files can also be generated programmatically by
researchers wishing to employ procedural generation and
adaptive experimentation methods to effectively and effi-
ciently explore the parameter space.
Implementation
Empirica is built using common web development tools. It
is based on the Meteor4 application development framework
and employs Javascript on both the front end (browser) and
the back end (server). Meteor implements tooling for data
reactivity around the MongoDB database, websockets, and
RPC (remote procedure calls). Meteor also has strong au-
thentication, which secures the integrated admin interface.
Most experiment designers will not need to be familiar with
Meteor to use the Empirica platform.
The front end is built with the UI framework React,5
which supports the system’s reactive data model. Automatic
data reactivity implemented by Empirica alleviates the need
for the experiment designer to be concerned with data syn-
chronization between players. React is also very popular,
with many resources from libraries to learning courses and
a large talent pool of experienced developers. For Empir-
ica, React is also desirable because it encourages a mod-
ular, reusable design philosophy. Empirica extends these
front-end libraries by providing experimenter-oriented UI
components such as breadcrumbs showing experiment pro-
gression, player profile displays, and user input components
(e.g., Sliders, text-based Chat, Random Dot Kinematogram).
These defaults reduce the burden on experiment designers
while maintaining complete customizability.
4https://www.meteor.com/
5https://reactjs.org/
Figure 3: This screenshot of the “Guess the Correlation Game” shows the view that participants use to update their social
network. The interface uses reactive and performant front-end components.
Empirica’s back end is implemented in Node.js.6 Call-
backs are the foundation of the server-side API. Call-
backs are hooks where the experiment developer can add
custom behavior. These callbacks are triggered by events
of an experiment run (onRoundStart, onRoundEnd,
onGameEnd, ...). The developer is given access to the
data related to each event involving players and games and
can thus define logic in javascript that will inspect and mod-
ify this data as experiments are running.
This design allows Empirica to reduce the technical bur-
den on experiment designers by providing a data interface
that is tailored to the needs of behavioral lab experiments.
The developer has no need to interact with the database di-
rectly. Rather, Empirica provides simple accessors (get,
set, append, log) that facilitate data monitoring and
updating. These accessor methods are available on both
the front end and the back end. All data is scoped to an
experiment-relevant construct such as game, player, round,
or stage. Data can also be scoped to the intersection of two
constructs, e.g., a player and a game object: player.round and
player.stage which contain the data for a player at a given
round or stage. The accessor methods are reactive, meaning
that data is automatically saved and propagated to all play-
ers.
Another ease-of-use feature is that an Empirica experi-
ment is initialized with a one-line command in the termi-
nal (Windows, macOS, Linux) to populate an empty project
6https://nodejs.org/en/
scaffold. A simple file structure separates front-end (client)
code from back-end (server) code to simplify the develop-
ment process. Because Empirica is built using the widely
adopted Meteor framework, a completed experiment can
also be deployed with a single command to either an in-
house server or to a software-as-a-service platform such
as Meteor Galaxy. Additionally, Empirica provides its own
simple open-source tool to facilitate deploying Empirica ex-
periments to the cloud for production.7 This ease of use fa-
cilitates iterative development cycles in which researchers
can rapidly revise and re-deploy experiment designs.
Empirica is designed to operate with online labor mar-
kets such as Amazon Mechanical Turk or other participant
recruitment sources (e.g., volunteers, in-person participants,
classrooms).
Case Studies
Throughout its development, Empirica has been used in the
design of cutting-edge experimental research. Below we il-
lustrate Empiricas power and flexibility in four examples,
each of which highlights a different functionality.
Exploring the parameter space: Dynamic social
networks and collective intelligence
The “Guess the Correlation” (Almaatouq et al. 2020) game
was developed to study how individuals’ local decisions to
form or break social ties could change the global structure
7https://github.com/empiricaly/meteor-deploy
Figure 4: This screenshot of the “Detective Game” shows the view that participants use to categorize mystery clues as either
Promising Leads (which are shared with their social network neighbors) or Dead Ends (which are not). The interface uses
reactive and performant front-end components.
of social networks, and the networks subsequent effect on
group performance in changing environments (Figure 3).
In this experiment, participants were asked to estimate
the strength of statistical correlations between two vari-
ables (such as height and weight) that were graphed on a
scatter plot. In subsequent stages, participants observed the
real-time estimates of their neighbors in a social network,
updated their guesses, received feedback on their perfor-
mance and that of their neighbors, and updated their so-
cial ties for the next round. Without the participants knowl-
edge, the experimenters introduced distracting statistical
noise into the graphed data to introduce variation in individ-
ual performance. Then, in the middle of the 20-round series,
they abruptly shuffled the noise levels (thereby inducing a
change in which individuals provided the best information
to their social network neighbors). The experimenters mea-
sured how the network structure evolved in response to these
external quality shocks, and the effect of network changes on
performance. This experiment is complicated by the fact that
even subtle changes in the environmental conditions (e.g.,
how a situation is framed, incentive structure, availability
and quality of feedback, cost of rewiring, difficulty of the
task, or the identities of the participants) can lead to dramat-
ically different macro-scale outcomes.
Empirica’s configuration interface allowed the experi-
menters to parameterize the entire experiment design, and
then to systematically sample the parameter space without
the need for changing a single line of code. The final publi-
cation tested seven experimental conditions with varied lev-
els of social interaction and quality of observed performance
feedback.
This experiment showed that even the best-performing
individuals benefited from interacting with a network of
peers, and that dynamic networks — in which individuals
chose their collaborators — improved performance signif-
icantly compared with static networks. The experimenters
also found that when given full feedback, networks of par-
ticipants adapted to changes by shifting influence to people
who had better information, thereby substantially reducing
individual error and benefiting from collective wisdom.
Real-time interaction at scale: An 80-player game
of high-speed “Clue”
The “Detective Game” (Houghton 2020) was developed to
study the social contagion of interacting beliefs. Prior the-
oretical work predicted that when beliefs influenced one
anothers likelihood of adoption, new mechanisms could
emerge that shaped social polarization and collective sense-
making. If these predictions could be shown experimentally,
traditional models of “independent” diffusion would be in-
sufficient to describe the spread of “interdependent” ideas.
In the detective game, 80 individuals in four artificial so-
cial networks exchange a set of “clues” with one another in
real-time, competing in teams to solve a fictional “mystery.”
The game is fast-paced, with individuals reacting to new in-
formation and constantly synthesizing an understanding of
which suspect committed the crime, and how. Elements on
the screen move dynamically as an individual’s neighbors
update their beliefs, and as the player drags clues around in
their “detective’s notebook,” shown in Figure 4.
Outcomes of the game are measured at the network level,
and so are sensitive to dropout and inattention. Running the
experiment thus requires coordinating a large number of in-
dividuals to begin the task simultaneously, interact in real
Figure 5: This screenshot shows the “Room Assignment” task. The real-time interaction, the ability to assign students to rooms
in parallel, and text-based chat employs default features and interaction components provided by Empirica.
time, and maintain high levels of engagement. To support
this level of engagement, the experimenter needed to ensure
that wait times were short, that interactive elements used
modern high-performance display libraries, and that latency
between the server and client was imperceptible to the user.
At the same time, the codebase needed to be understandable
by other researchers, so that the details of the (fairly com-
plex) implementation could be effectively critiqued.
This game would have been impossible to design using
a discrete time (i.e., round/turn-based) experiment platform,
as the pace of interaction would have been tedious for par-
ticipants and the resulting data quality would be low. It
would also have been challenging in a platform with pre-
specified display patterns. Empiricas API design allowed the
experiment designer to try various visualization libraries be-
fore finding one with the required performance at the right
level of abstraction. Empiricas back end provided seamless
real-time coordination between the server and client using a
straightforward syntax, and scaled to handle the volume of
interaction the application needed. This case study illustrates
the benefits of a flexible default design: the default scaffold
enabled rapid prototyping for initial development, while the
deep flexibility ensured that the final product could meet all
of the experiment design needs.
The study supported theoretical predictions that interac-
tions between beliefs can create new mechanisms of social
polarization, which interact with familiar drivers of polariza-
tion such as homophily and social network distance.
Two-phase experiment design: Distributed human
computation problems
The “Room Assignment” game (Almaatouq, Yin, and Watts
2020) was developed to explore the factors that allow a team
working together to outperform its individual members. The
experiment examined (1) under what task complexity con-
ditions, if any, do groups of problem-solvers outperform in-
dividual problem-solvers, and (2) which of several factors
about the group composition (e.g., skill level, skill diversity,
social perceptiveness level, cognitive style diversity, etc.)
predict the quality of the found solution.
In the game, participants were asked to assign N “stu-
dents” to M “rooms” where each student had a specified
utility for each room. Their objective was to maximize to-
tal student utility while also respecting Q constraints (e.g.,
“Students A and B may not share a room or an adjacent
room”). The task was first completed individually, and then
repeated in groups. Groups were allowed to communicate
via text-based chat and move different “students” simultane-
ously to perform parallel processing and computation (Fig-
ure 5). This task is a specific instance of a Constraint Satis-
faction and Optimization Problem (CSOPs), and is charac-
terized by a rugged payoff function with many locally op-
timal but globally suboptimal solutions. The complexity of
the task can be systematically varied by changing the num-
ber of students (N ), rooms (M ), or constraints (Q).
To answer their research questions, the experimenters im-
plemented in Empirica a “two-phase” experiment design in
which the same group of participants performed the task
twice, at one-week intervals. Phase one was used for gather-
ing ex-ante measurements of each participants skill level on
the room assignment problem, social perceptiveness level,
Figure 6: This screenshot shows the second stage of the first round of the revised “Politics Challenge” estimation task. The
illustrated breadcrumb feature employs customized default UI elements provided from Empirica, and the timer was employed
without modification.
and cognitive style (i.e., solution search strategy). Phase
two randomized these same individuals into “individual” or
“group” conditions within blocks based upon the attributes
measured previously in phase one.
In addition to the challenge of implementing real-time in-
teraction and text-based chat, this design required experi-
menters to recruit and reliably match the same subject pool
across the two phases of this experiment, and to coordinate
a large block-randomized design. Empiricas careful partici-
pant data management and flexible randomization architec-
ture made these features possible with a simplicity that could
not have been achieved in most other platforms.
With the statistical power enabled by the two-stage block-
randomized design, the experimenters were able to show
that while groups are more efficient than individuals when
the task is complex, this relationship is reversed when the
task is simple. They were also able to identify the average
skill level of team members as the dominant predictor of
group performance, over many other candidate factors.
Rapid-turnaround replication: Echo chambers and
belief accuracy
The “Estimation Challenge” experiment (Becker, Porter, and
Centola 2019) was designed to test how social interaction
shapes belief accuracy and belief polarization in echo cham-
bers. This experiment tasked participants with completing
a series of numeric estimations related to polarizing politi-
cal topics before and after being able to see each others an-
swers. For example, one question asked, “How has the num-
ber of unauthorized immigrants living in the US changed
in the past 10 years?” The experimenters found that partic-
ipants became more accurate and less polarized after social
exchange, despite the absence of cross-cutting ties between
Democrats and Republicans.
This experiment was initially built using a proprietary
platform that was built in partnership with a third-party de-
veloper. The experiment tasked groups with answering four
unique questions. For each question, subjects were asked to
provide their answer three times, and were able to see peer
responses before providing the second and third response.
Behind the scenes, the platform generated an ad-hoc social
network to determine whose responses each subject saw and
mimic the flow of information through online social media
sites. The interface design alone took several months to im-
plement.
After submitting these results for publication, the review-
ers expressed concern that the experiment design did not
fully capture the effects of a politicized environment. The
experimenters were given 60 days to revise and resubmit
their paper.
It would have been infeasible to extend the experiment to
respond to reviewers questions within the allotted time had
the experimenters continued to use the original proprietary
software. Using Empirica, they were able to rebuild the orig-
inal experiment to replicate their initial findings, while also
extending the user interface to address the questions posed
by reviewers, as seen in Figure 6. This redesign provided
more a overtly politicized style, a rebrand as “The Politics
Challenge,” and new questions targeting more divisive top-
ics. The new interface was designed, constructed and tested
in approximately two weeks.
This experiment required negligible alteration from the
prepopulated Empirica scaffolding beyond customizing the
visual design, demonstrating the capability of flexible de-
faults. Once the design was complete, the conditions re-
quested by the reviewers were configurable in Empiricas
post-development GUI admin interface. The social network
was generated using the onGameInit() callback. The ex-
perimenters choice to replicate and extend their findings in
a different platform improved the reviewers confidence in
the results by showing that outcomes replicated even under
explicitly politicized conditions.
Discussion
Ethical considerations
As with any human subjects research, virtual lab experi-
ments are subject to ethical considerations. These include
(but are not limited to) pay rates for participants (Whiting,
Hugh, and Bernstein 2019), data privacy protection (Birn-
baum 2004), and the potential psychological impact of stim-
ulus design. While most of these decisions will be made by
the researchers implementing an experiment using Empirica,
we have adopted a proactive strategy that employs default
settings designed to encourage ethical experiment design.
As one example, the initial scaffolding generated by Empir-
ica includes a template for providing informed consent, con-
sidered a bare minimum for ethical research practice. The
scaffolding also includes a sample exit survey which models
inclusive language; e.g., the field for gender is included as a
free-text option. To encourage privacy protection, Empirica
by default omits external identifiers when exporting data, to
prevent leaking of personal information such as email ad-
dresses or Amazon Turk account identifiers.
Limitations and future developments
As with other leading computational tools, Empirica is not a
static entity, but a continually developing project. This paper
reflects the first version of the Empirica platform, and lays
the groundwork for an ecosystem of tools to be built over
time. Due to its design, modules that are part of the current
platform can be switched out and improved independently
without rearchitecting the system. Indeed it is precisely be-
cause Empirica (or for that matter, any experiment platform)
cannot be expected to offer optimal functionality indefinitely
that this modular design was chosen.
The usability-functionality trade-off faced by existing ex-
periment platforms is endemic to tightly integrated “end-
to-end” solutions developed for a particular class of prob-
lems. By moving toward an ecosystem approach, Empirica
has a chance to resolve this trade-off. As such, future devel-
opment of Empirica will include the development of a set
of open standards that defines what this encapsulation (ser-
vice/component) is, how to communicate with it, and how to
find and use it.
The use of the “ecosystem” as a design principle presents
several opportunities for operational efficiency.
• An ecosystem will allow the reuse of software assets, in
turn lowering development costs, decreasing development
time, reducing risk, and leveraging existing platform in-
vestments and strengths.
• The individual components of the ecosystem will be
loosely coupled to reduce vendor/provider lock-in and
create a flexible infrastructure. As a result, the individ-
ual components of the ecosystem will be modular in the
sense that each can be modified or replaced without need-
ing to modify or replace any other component because the
interface to the component remains the same. The result-
ing functional components will be available for end-users
(i.e., researchers) to amalgamate (or mashup) into situa-
tional, creative, and novel experiments in ways that the
original developers may not originally envision.
• The functional scope of these components will allow for
the possibility to directly define experiment requirements
as a collection of these functional components, rather than
translating experiment requirements into lower-level soft-
ware development requirements. As a result, the ecosys-
tem will abstract away many of the logistical concerns of
running experiments, analogous to how cloud computing
has abstracted away from the management of technical
resources for many companies.
To enable an even wider range of experiment designs, we
are currently developing a Software Development Kit (SDK)
that will expose elements of the Empirica core to experi-
ment developers. The SDK will further facilitate the imple-
mentation of custom components by creating APIs to Empir-
ica’s back end, allowing developers to customize various be-
haviors (such as treatment assignment, lobby configuration,
etc.) without substantially increasing the complexity devel-
opment.
By distancing ourselves from a monolithic approach, and
adopting a truly modular architecture with careful design of
the low-level abstractions of experiments, we hope Empir-
ica will decouple flexibility from ease-of-use and open the
door to an economy of software built around conducting new
kinds of virtual labs experiments.
Conclusion
Empirica provides a complete virtual lab for designing and
running online lab experiments taking the form of anything
that can be viewed in a web browser. The primary philoso-
phy guiding the development of Empirica is the use of “flex-
ible defaults,” which is core to our goal of providing a “do
anything” platform that remains accessible to a typical com-
putational social scientist. In its present form, Empirica en-
ables rapid development of virtual lab experiments, and the
researcher need only provide a recruitment mechanism to
send participants to the page at the appropriate time. Future
versions of Empirica will abstract the core functionality into
an ecosystem that allows the development and integration of
multiple tools including automated recruitment. This future
version will also maintain as a “tool” the current Empirica
API, continuing to enable the rapid development of experi-
ments. However, it is our expectation that Empirica as a tool
will form the core component of a broader ecosystem en-
abling researchers to go beyond the traditional in-person lab
paradigm and take advantage of the expanded potential en-
abled by virtual lab research.
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